Fiber-optic distributed temperature sensing (FODTS) provides sub-minute temporal and meter-scale spatial resolution over kilometer-long cables. Compared to conventional thermistor or thermocouple-based technologies, which measure temperature at discrete (and commonly sparse) locations, FODTS offers nearly continuous spatial coverage, thus providing hydrologic information at spatiotemporal scales previously impossible. Large and information-rich FODTS datasets, however, pose challenges for data exploration and analysis. To date, FODTS analyses have focused on time-series variance as the means to discriminate between hydrologic phenomena. Here, we demonstrate the continuous wavelet transform (CWT) and cross-wavelet transform (XWT) to analyze FODTS in the context of related hydrologic time series. We apply the CWT and XWT to data from Waquoit Bay, Massachusetts to identify the location and timing of tidal pumping of submarine groundwater.
Introduction
Temperature data have long been used to investigate groundwater/surface-water interaction (Anderson, 2005) . Whereas groundwater temperature is relatively constant, surfacewater temperature changes with seasonal, diurnal, and episodic forcing. Changes in temperature therefore form a basis to infer the locations and rates of submarine groundwater discharge (SGD) (Taniguchi et al., 2003) . Historically, such work involved point measurements using thermistors or thermocouples, and interpretation based on numerical modeling (e.g., Constantz and Stonestrom, 2003) or time-series analysis (e.g., Hatch et al., 2006) . Fiber-optic distributed temperature sensing (FODTS) now provides the means to measure temperature over large areas at much finer spatial and temporal scales than previously practical (Selker et al., 2006) . The technology is capable of measuring temperature over multi-kilometer-long cables, with meterscale spatial and sub-minute temporal resolution, and precision approaching 0.01 °C. Such enormous and complex datasets, however, pose substantial challenges for data exploration and analysis.
To date, analysis of FODTS data has focused on examination of the time series of temperature along a cable to identify zones of relative low and high variability. Low variability is interpreted as the modulating effect of groundwater input (Lowry et al., 2007; Moffet et al., 2008) , and high variability is interpreted as the result of solar radiation, air temperature, precipitation, and runoff. In some hydrologic systems, variable groundwater input may, in fact, enhance temperature variability, as in the case of tidal pumping.
In principle, spectral analysis is capable of decomposing a time series into its component frequencies, thus enabling identification of scales of variability (e.g., Kendall and Hyndman, 2007) . Traditional spectral analysis is based on the discrete time Fourier transform (DTFT) which assumes that the time series is a linear superposition of periodic components; this assumption is strictly valid only for stationary time series. In the presence of non-periodic behavior from episodic or extreme events, the DTFT can produce misleading results (e.g., Torrence and Compo, 1998) ; furthermore, with transformation to the frequency domain, all time localization is lost. Although the DTFT provides broad insight into the processes affecting an entire time series, other approaches are needed to capitalize fully on the information available from FODTS. Here, we propose that wavelet-based approaches are well suited to this purpose.
The continuous wavelet transform (CWT) and cross-wavelet transform (XWT) increasingly are used for analysis of non-stationary signals (e.g., Torrence and Compo, 1998; Kang and Lin, 2007) . Compared to approaches based on the DTFT, the CWT allows for the temporal localization of dominant frequency components in the time series; i.e., the timing of onset or cessation of a signal's components. Similarly, the XWT quantifies cross-correlation between non-stationary signals. The capability to resolve changes in frequency content over time is critical to inference of system dynamics and correlation between multiple time series affected by episodic events and different forcing mechanisms (e.g., tidal, diurnal, and seasonal).
Methods
We briefly review the FODTS and wavelet methods and then focus on their combined application to investigate SGD.
FODTS
FODTS has been used to monitor hydrologic processes in fluvial (Selker et al., 2006) , salt-marsh (Moffett et al., 2008 ), glacial (Tyler et al., 2008 , and wetland settings (Lowry et al., 2007) . In FODTS, laser light is transmitted down a fiber-optic cable and some of the energy is scattered back up the cable by various physical mechanisms. In Raman backscatter, the scatter occurs at frequencies both higher (anti-Stokes) and lower (Stokes) than that of the transmitted light. The amplitude of the Raman anti-Stokes signal is more sensitive to temperature than that of the Stokes signal, providing the basis for temperature measurement. An FODTS measurement is localized to an interval of cable using optical time-domain reflectometry (OTDR), which is based on a time-of-flight calculation given by the speed of light (Selker et al., 2006) . In this work, we use a Lios 2000/4000, which uses optical frequency domain reflectometry (OFDR). (Note that use of trade, product, or firm names is for descriptive purposes only and does not imply endorsement by the U.S. Government.) OFDR is similar in concept to OTDR, except that backscatter is analyzed in the frequency domain.
Wavelets
Prior to the advent of wavelets, the DTFT was the standard tool to transform a time series, g [n] , into the frequency domain:
where G() is the transformed signal, is frequency and n is the time. By examination of power, |G(ω)| 2 , the signal's frequency content is characterized. Although the DTFT offers insight into periodic features present over an entire signal, the transform cannot characterize when non-stationary behavior occurs. Where phenomena are localized over certain time intervals, the DTFT has limited utility. The CWT is more appropriate to identify, for example, when the tide versus the diurnal heating dominates estuarine thermal dynamics.
In contrast to the DTFT, which decomposes the time series into constituent sinusoids of varying amplitude, the CWT convolves a basis function, or wavelet, with the timedomain signal. A wavelet is a unit-energy signal localized in time and frequency. In the CWT, the wavelet is dilated and scaled to isolate various frequency components temporally. As the wavelet is stretched and downscaled to resolve lower frequency components, it loses temporal resolution. Conversely, higher frequency features are well resolved in time, but not frequency (Torrence and Compo, 1998); thus, the CWT cannot achieve high resolution in both frequency and time simultaneously.
A number of wavelets have been described (e.g., Morlet, Paul, and derivative-ofGaussian), each with associated advantages and disadvantages. We use a Morlet wavelet, which is mathematically equivalent to a sinusoid damped by a Gaussian. The Morlet wavelet because it is complex-valued and localized in both time and space, allowing extraction of phase information using the XWT. The Morlet wavelet function,  0 , is:
where ω 0 is dimensionless frequency and η is dimensionless time, depending on the time scale of the data.
The CWT of a time series is:
where is the transformed time series for scale s; δt is the time step; n is the time;
and is reversed time. Wavelet power is calculated as |W
2 and normalized by the signal variance. Edge artifacts develop in CWT because the wavelet is not completely localized in time (Grinsted et al., 2004) , and the calculation is performed in frequency space, which commonly requires zero-padding to achieve a time series of length 2 N . A cone of influence is used to delineate the region of possibly spurious results. Statistical significance is tested by comparison of power with the estimated noise spectrum for the time series, commonly assuming red noise (Torrence and Compo, 1998).
The XWT is used to infer coincident high power between two time series by multiplying the real portion of one signal by the complex portion of another: (Grinsted et al., 2004) ; phase information is the basis for several methods to infer groundwater discharge rates (e.g., Hatch et al., 2006) .
Field Experiment
The (Cambareri and Eichner, 1998) . Beneath the bay, an approximately 11-m-thick permeable layer overlies less permeable fine sand, silt and clay. Beneath this aquifer, flow is restricted by glacial till and bedrock (Michael et al., 2003) . Fresh SGD occurs along a narrow band on the beach and several meters into the bay (Michael et al., 2005) .
Tidal fluctuations create head differences between the coastal aquifer and the bay that drive "tidal pumping" (Michael et al., 2005) . 
Results
The FODTS and meteorological data show tidal and diurnal periodicity, non- In contrast to the DTFT, the CWT provides information about non-stationary temperature variations. Wavelet power for a given time and period is plotted and normalized by the time-series variance at the two locations considered above (Figure 2a) . At 11.5 m, statistically significant power is observed at the 0.5-day, 1-day, and 0.25-day periods. The 0.5-day period is dominant and always present, indicating the effect of tidal pumping at this location.
The 1-day period also is present, but fades between Julian Days (JD) 169-172 and 186-187. At 30.5 m, high power is present at the 1-day period but fades between JDs 163-165. We analyze the XWT between FODTS temperature and tide level and then bay temperature. In instances of statistically significant, correlated power, the phase lag between two time series at a given location is plotted as an arrow (Figures 2b, 2c To infer the region of tidal pumping, we isolate and map CWT power at the 0.5-day period calculated for FODTS time series along the entire fiber-optic cable (Figs. 3a and 3c, respectively). The map of power for the tidal frequency clearly delineates a region of high power between about 7-13 m offshore, consistent with the zone of fresh groundwater discharge identified based on seepage measurements (Michael et al., 2003 (Michael et al., , 2005 (Figure 3a) . During
Page 11 of 16 intervals of low tidal range (e.g., JDs 172-174), the region of high semi-diurnal power appears to move landward. These results are consistent with XWT power between FODTS and tide stage (Figure 3b ), which confirm high correlated power for the 0.5-day period. Based on the phase angle from XWT, a mean time lag of 3.4 hours was found between the tide stage and FODTS temperature in the zone of tidal pumping; hence discharge of cold groundwater lags the change in hydraulic gradient between the aquifer and the bay. We note that this time lag is dependent on the depth of the FODTS cable.
Following intense precipitation (e.g. one day prior to the start of the experiment and between JDs 186 and 188), correlated XWT power at the 0.5-day period extends out of the tidal pumping zone and over most of the FODTS transect ( Figure 3b ). The temperature response appears to lag these events by 3-4 days. This observation warrants additional investigation and is the focus of ongoing work but may indicate that discharge occurs along the whole transect following larger rain events, albeit at lower rates than in the tidal pumping zone, as indicated by relatively low power. 
Discussion and conclusions
FODTS can provide hydrologic insight at temporal and spatial scales that heretofore were difficult to investigate. Previous interpretation of FODTS data relied on simple time-series analysis based on variance (e.g., Lowry et al., 2007; Moffett et al., 2008) . Here, we demonstrated the CWT and XWT for analysis of FODTS data from WBNERR, to isolate and map power at the tidal frequency and to investigate the effects of non-periodic forcing. The zone of tidal pumping of fresh SGD appears as a region of high CWT power at the tidal frequency;
furthermore, this zone appears as a region of high power at the tidal frequency for the XWT calculated between FODTS data and tide stage. The XWT is a useful exploratory tool to identify relations between hydrologic forcing and aquifer response. Here, the XWT was applied to identify relations between subsurface and bay temperature, tides and precipitation.
Although we focused on the CWT and XWT, extension to other wavelet-based methods (e.g., wavelet transform coherence) is straightforward and the focus of ongoing work to identify relations between FODTS and other hydrologic time series. By identifying dominant modes of variability, correlations with mechanisms of influence, and non-stationary time lags between time series, wavelet methods provide powerful tools to explore large complex FODTS datasets and identify processes that control spatial and temporal patterns in temperature.
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